Rain-gauge networks provide estimates of areal rainfall as a crucial input for hydrological applications.
INTRODUCTION
Rainfall is the driving factor of most hydrologic designs. The estimation of average rainfall over a basin area based on measured data at several rain-gauges plays an important role in many hydrological applications (Chua & Bras ; Bastin et al. ) . The design of rain-gauge networks is motivated by the need to accurately capture the areal average rainfall in basins. Additionally, in rainfall-runoff modeling, accurate knowledge of spatiotemporal rainfall is essential for accurately estimating discharge and determining other hydrological processes (Beven ) . A large number of studies have revealed that rain-gauge network density and distribution can significantly affect the simulated discharge, sediment and other types of catchment responses (Seed & rainfall is computed by a number of rain-gauges less than a minimum threshold value. Furthermore, they found that some raingauge network combinations provide better estimation of areal rainfall than using all existing rain-gauges in the basin.
Nowadays, rain-gauge network optimization is considered rather out of date, as weather radars provide rainfall data with better spatial and temporal resolution. (Berne & Krajewski ) . Hence, the quality of radar precipitation data over the study area needs to be assessed using rain-gauge measurements before putting it to use. Moreover, complete coverage by weather radars is still limited to certain parts of the world. Thus, the evaluation and optimization of the rain-gauge networks is still an important issue that deserves attention.
A well-designed rain-gauge network can better estimate spatial and temporal variation of rainfall over a basin.
Such information is useful for purposes such as management of water resources and reservoir operation. An optimum rain-gauge network varies with the study area and the purpose for which the data are collected (Kassim & Kottegoda ) . Hence, the rain-gauge network evaluation should involve the analysis of the number and location of gauges at a specified spatio-temporal scale. In addition to achieving a desired level of accuracy, its design is also influenced by non-hydrological factors, such as available budget, accessibility, maintenance, etc. It is a probabilistic approach that is based on variogram analysis and a criterion using ordinary kriging variance. It assesses the accuracy of rainfall estimation using the acceptance probability that is defined as the probability that estimation error falls within a desired range expressed in terms of the standard deviation of rainfall. Based on this criterion, the percentage of the total area with a prescribed acceptable accuracy in a certain network configuration can be calculated. They also presented a sequential algorithm to prioritize rain-gauges of the existing network and used this approach (hereafter acceptance probability (AP) approach) in northern Taiwan and showed that the identified base network, which comprised of approximately two-thirds of the total rain-gauges, can achieve almost the same level of performance as a complete network for hourly rainfall estimation.
In most parts of Iran, rain-gauge networks are the only source of rainfall data for evaluating the temporal and spatial variation of rainfall over a basin. Moreover, because of the crucial role of rainfall in assessing the water balance for water resources planning in basins, the task of evaluating the rain-gauge networks is of great importance. The objective of this research is to assess the number and location of the rain-gauges and to quantify the performance of an existing rain-gauge network in a large basin in Iran. A well-schemed rain-gauge network not only helps to better represent areal rainfall regionally, but also locally in parts of a basin. Another objective of this study is to identify the contribution of each rain-gauge to the overall network performance, as well as to increase the estimation accuracy of areal annual rainfall for any part of the basin. The paper extends the existing methodology of Cheng et al. () to augment the existing network in the basin. It also simplifies the calculation of the acceptance probability criterion and implements the calculations in a geographic information system (GIS) environment for general use.
The remainder of this paper is organized as follows.
First, a brief description of ordinary kriging method and climatological variogram analysis is presented. Then, the concepts of acceptance probability and acceptable accuracy are defined. After introducing the study area, the results of spatial characterization of annual rainfall, the performance evaluation of the network and its subsequent augmentation are presented and discussed.
MATERIALS AND METHODS

Ordinary kriging and variogram analysis
The ordinary kriging estimatorẐ(x 0 ) is a linear combination of weights and data representing variables at sample (observation) points in the vicinity of an estimated point:
whereẐ(x 0 ) is the estimate of Z at x 0 , λ i is the weight assigned to the ith observation, and n is the number of observations within the neighborhood. In ordinary kriging, the sum of weights is constrained to be one and the optimal weights are computed from the kriging system and are obtained by applying the Lagrange multipliers method (Webster & Oliver ) . The kriging variance (σ 2 k (x 0 )), which provides a measure of the error associated with the kriging estimator, is also obtained:
where γ(x 0 , x i ) is the variogram between x 0 and x i and μ denotes the Lagrange multiplier. The kriging estimation variance is a measure of the estimation accuracy ofẐ(x 0 ) and it is the basic tool of variance reduction techniques for optimal selection of sampling locations. The reason for this is that the estimation variance only depends on the variogram model, the number n of rain-gauges and its spatial location.
On the basis of the hypothesis of second-order stationarity, the kriging method assumes that the mean of the random field is constant and the variogram depends only on distance between points. The variogram is defined as one half of the variance between any two locations separated by h:
where h is the distance vector and x is the location vector.
The variogram indicates how the dissimilarity between Z (x) and Z(x þ h) evolves with the distance h. The influence range of a variogram is the minimum distance at which two random variables Z(x i ) and Z(x j ) become independent.
For a second-order stationary random field, as the distance h increases, the variogram will reach an asymptotic value, known as the sill. The sill corresponds to zero correlation and it is equal to the variance of the random variable Z(x).
Experimental variogram is computed from data pairs of observations, for specific distance lags and directions (Webster & Oliver ) . () also used to compute the variogram by using dimensionless rainfall data. The experimental variogram is:
where h is the Euclidian distance, α(m) a scaling factor and m is an index of time. The temporal non-stationarity is concentrated in the scaling factor α(m), yielding a time invariant scaled component γ Ã (h) called the climatological or dimensionless variogram. The scaling factor in Equation (4) is equivalent to the sill ω, or the variance of the rainfall field.
The scaled estimation variance (based on Equation (2)) only depends on three factors; the climatological variogram, the number, n, and the location of the rain-gauge stations (Lebel et al. ) .
To construct the climatological variogram, annual rainfall data are first preprocessed as:
where R i ( j) and R m,j , respectively, represent the jth year's annual rainfall of rain-gauge i and the mean annual rainfall of the rain-gauges in jth year, and S( j) is the standard deviation of the jth year's annual rainfalls of the rain-gauges Assume that annual rainfalls, Z(x,t), are measured by a network of n rain-gauges at location x i , i ¼ 1, … , n, for a period of time t 1 t t p . Rainfall at an ungauged site x 0 , i.e.
Z(x 0 ,t), is estimated using measurements Z(x,t), i ¼ 1, … , n, and Equation (1). The estimation accuracy is given by the ordinary kriging variance in Equation (2). Since the estimation uses same-time measurements, the time dependence of rainfall Z(x,t) is dropped hereafter. Intuitively, an estimation is considered acceptable only if the estimation falls within a given range of the 'true' value, so that:
where r > 0. Even so, at the location x 0 , the estimation accuracy varies from time to time and from event to event; thus, it should be evaluated on an ensemble basis. The given range r is specified by using the variance of the rainfall field Z(x),
i.e. σ 2 z . Equation (6) can then be given by:
The acceptable range of the estimation error (i.e.
Z(x 0 ) À Z(x 0 )) in Equation (7) can be expressed in terms of standard deviation of the random variable Z(x), while the multiplier k and the minimum probability α are chosen according to factors such as available budget for installation of gauges and maintenance costs and the desired level of estimation accuracy (Cheng et al. ) . In this study we choose k ¼ 1 and α ¼ 0.8.
Since the ordinary kriging estimator is unbiased, the estimation error at x 0 has zero mean and variance σ 2 k (x 0 ). If the estimation error at x 0 is assumed to be normally distributed, then the probability for the estimation errorZ(x 0 ) to fall within the desired range (-σ z , σ z ) can be determined using the cumulative probability of the standard normal distribution:
In Equation (8),Z Ã (x 0 ) is the standardized estimation error and has a standard normal distribution, i.e. Z Ã (x 0 ) ∼ N(0, 1). Additionally, p A (x 0 ) is termed the acceptance probability at x 0 , and it is the probability that the estimation error at x 0 is less than σ z . The estimation accuracy at an ungauged point is acceptable only if the associated acceptance probability is no less than α. The estimation at that point is then said to have an acceptable accuracy (Cheng et al. ) . Here, σ z is the sill value of the climatological variogram. It is notable that points associated with higher kriging variances correspond to lower acceptance probabilities.
The acceptance probability (p A (x 0 )) in Equation (8) is assumed to be cumulative standard normal distribution.
The cumulative standard normal distribution function (i.e.
F(x)) is given as:
The error erf(y) does not have a closed form, thereby inhibiting the implementation of an acceptable probability approach in a GIS environment. Thus an approximation of the error function is used to calculate the cumulative probability of the standard normal distribution function (Winitzki ):
Following Equations (8) and (9) and substituting Equation (10) into (9), the acceptance probability can now be expressed as:
Rain-gauge network evaluation and augmentation
As discussed in the previous section, the estimation accuracy for each point in the study area can be evaluated using the acceptance probability (Equation (11)). The performance of a rain-gauge network is evaluated based on the percentage of area with a certain acceptable accuracy (hereafter expressed by A p , defined as the fraction of the study area above a certain acceptable probability). Also, because the acceptance probability is computed at each point in the study area, a raster (contour) map of acceptance probability is produced to assist in the evaluation of an existing rain-gauge network. For example, if the minimum probability α is taken as 0.8 then parts of the study area which have p A (x 0 ) ! α are said to have acceptable accuracy and a corresponding A p is calculated.
Cheng et al. () proposed a sequential algorithm for assessing the contribution of each rain-gauge to the accuracy of areal rainfall estimation of a network. The augmentation of a rain-gauge network with a certain acceptable accuracy by adding new gauges or relocating existing gauges can also be assessed. The sequential algorithm that is described below prioritizes the existing rain-gauges and evaluates sequentially the joint performance of a subset of rain-gauges.
•
Step 1: Calculate the A p for the network by removing one gauge from the existing rain-gauge network at a specified level of accuracy (i.e. α).
Step 2: Return the removed gauge to the network, select another gauge and recalculate the A p value. This step is repeated until all the gauges in the network have been chosen. A corresponding set of values of A p are thus obtained.
Step 3: Remove the gauge associated with the highest value of A p in step (2). Reduce the number of remaining gauges by one and repeat steps (1) and (2).
Step (3) is repeated until there is only one gauge remaining.
After finishing the algorithm, all rain-gauges are prioritized based on their order of removal in step (3).
Furthermore, at each stage when a gauge is removed in step (3), a raster map of acceptance probability for annual rainfall and its corresponding A p value is also determined using only the remaining gauges. Finally, an illustrative figure is constructed based on the number of removed gauges against A p to show the prioritized order of rain-gauges and performance of a subset of rain-gauges (Cheng et al. ) .
For practical application of the above sequential algorithm, a tool is also developed within ArcGIS ® system. This tool uses Equation (11) Rain-gauge network performance evaluation and augmentation
The estimation accuracy at every point within the study area is evaluated based on acceptance probability. The acceptance probability (p A ( x 0 )) is calculated over the study area, based on the tool in ArcGIS ® software that is developed as part of this study. The tool can calculate acceptance probability and determine the percentage of the study area with a certain acceptable accuracy level. Figure 4 shows the spatial distribution of p A (x 0 ) over the Gorgan-Rud basin. It is notable that the p A (x 0 ) value always equals unity at any rain-gauge location, since ordinary kriging with zero nugget is an exact estimator and yields zero estimation error at the measurement points (Webster & Oliver ) .
Additionally, as it can be seen near the boundaries, the values of p A (x 0 ) are less than other parts of the study area.
As illustrated by Figure 4 , at α ¼ 0. The rain-gauges that are not included in the base network are redundant and contribute little to the network.
These 12 rain-gauges can either be subtracted to reduce the maintenance cost or be relocated to achieve higher Figure 6 ) such that it, along with the base network, yields the highest value of A p . Figure 5 illustrates the level of A p that is achieved by sequentially adding (relocated) gauges to the base network. By relocating only seven gauges out of the 12 non-base gauges in the Gorgan-Rud basin, 100% A p is achieved. Figure 7 shows the augmented network including base rain-gauges plus relocated gauges. Thus, an 'optimal' network with 28 gauges is more efficient than the existing network of 33 gauges.
The benefits of the AP approach when compared with other approaches such as the variance reduction approach are as follows:
1. It focuses on the accuracy of point rainfall across the whole study area rather than aiming for greater accuracy of areal rainfall estimation (Cheng et al. ) . By contrast, the variance reduction method minimizes the average kriging estimation variance over the whole study area. The AP approach not only provides an optimal rain-gauge network over a basin but it also estimates the level of accuracy of the spatial distribution of rainfall for any part of a basin.
2. It is highly flexible in parameters that are related to accuracy assessment such as k, α and the percentage of area with acceptable accuracy (A p ). 3. The most important parameter in AP approach is calculated easily using Equation (11). This facilitates its practical implementation in a GIS framework.
CONCLUSIONS
The estimation of areal rainfall is still a true challenge for hydrological applications. An efficient rain-gauge network that can accurately provide required rainfall spatial characteristics in a basin is desirable. Rain-gauge network evaluation involves the analysis of the number and location of gauges necessary for achieving the required accuracy. The goal of this paper was to evaluate the performance of an existing rain-gauge network in a large basin. An acceptance probability approach was adopted which is based on the accuracy assessment of point rainfall estimation and uses ordinary kriging variance.
A core of 21 rain-gauges in the study area achieved almost the same level of performance (A p equal to 88%) as the whole network of existing 33 rain-gauges for areal annual rainfall estimation. Also, by relocating only seven gauges out of the 12 remaining gauges, an acceptance probability of at least 0.8 was achieved. The threshold value of 0.8 (or α ¼ 0.8)
for acceptance probability was also found to be a suitable criterion for evaluating rain-gauge networks. An approximation for acceptance probability was also introduced that efficiently facilitated the implementation of acceptance probability approach in a GIS. In future research, it is proposed to study the trade-off between cost and accuracy in rain-gauge networks through application of AP approach.
